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Abstract; The proposed algorithm, deep multiple kernel K-means ( DMKK-means ), addressed the limitations of traditional
K-means clustering, which was sensitive to sample distribution and exhibited suboptimal performance for complex problems due to its
limited expressive power of kernel representations. By leveraging the strong representational capability of deep kernels and employing
a multi-kernel ensemble approach, DMKK-means constructed a highly expressive deep multiple kernel network architecture and per-
formed K-means clustering in a new feature space. The dissimilarity between this algorithm and two baseline clustering methods was
quantified using a clustering loss function based on Kullback-Leibler( KL) divergence. The clustering algorithm was modeled as an
efficient end-to-end learning problem, and the weight parameters of the deep multiple kernel network were optimized through sto-
chastic gradient descent. Experimental results on multiple standard datasets demonstrated the superiority of the proposed algorithm
over K-means, radial basis function kernel K-means (RBFKKM) , and other multi-kernel K-means clustering algorithms in terms of

clustering accuracy, normalized mutual information, and adjusted rand index. These findings validated the feasibility and effectiveness
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of the proposed algorithm.
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Table 1 Information of datasets

VIS FEAK A R A E35:3
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Table 2 I, of different algorithms on four datasets

o _ U

yeast digits glass Caltech7
K-means 0.1530 0.663 1 0.2792 0.1755
RBFKKM 0.1547 0.6758 0.2649 0.183 6
AKKM 0.276 8  0.774 9 03966 0.356 5
MKKM 0.1946 0.6212 03321 0.254 8
RMKKM 0.2563  0.704 0 0.364 7 0.346 9
DMKK-means 0.356 6  0.810 1 04514 04721
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Table 3 N, of different algorithms on four datasets

\ NMI

yeast digits glass Caltech7
K-means 0.271 5 0.732 7 0.4252 04752
RBFKKM 0.2874  0.7470 04336  0.568 1
AKKM 0.3179  0.8015 0.5462  0.658 8
MKKM 02700  0.711 6 0.453 4  0.609 2
RMKKM 0.3215 0.732 0 0.5287  0.6320
DMKK-means 0.3735  0.8415 05910 0.687 5
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Table 4 A of different algorithms on four datasets

ACC
Ak —

yeast digits glass Caltech7
K-means 0.4174  0.781 7 05451 0.197 3
RBFKKM 0.396 3  0.798 6 0.5218 0.2249
AKKM 0.4538 0.8856 0.6321 03380
MKKM 0.4058 0.766 9 0.5531 0.246 0
RMKKM 0.4750 0.8520 0.6045 0.284 6
DMKK-means 0.5269  0.902 1 07022 03761
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